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Abstract— In this paper, writer identification is performed with 

three models, namely, HMMBW, HMMMLP and HMMCNN. The 
features are extracted from the HMM and are classified using 
Baum Welch algorithm (BW), Multi layer perceptron (MLP) 
model and Convolutional neural network (CNN) model. A dataset, 
namely, VTU-WRITER dataset is created for the experiential 
purpose and the performance of the models were tested. The test 
train ratio was varied to derive its relation to accuracy. Also the 
number of states was varied to determine the optimum number of 
states to be considered in the HMM model. Finally the 
performance of all the three models is compared. 

 
Keywords :Convolutional neural network (CNN) model ,Hidden 

markov models, Multi layer perceptron (MLP) model , Writer 
identification. 

I. INTRODUCTION 

The word biometrics is a Greek word meaning life (bio) and 
measurement (metric). The measurement of life means 
measuring the physical characteristic from a subject that has 
life. Examples of biometric include collecting the finger prints, 
iris, blood sample or hair for DNA, geometries of hand or 
fingers etc. These factors are associated with some shape or 
characteristic of the person’s body. These types of biometrics 

that can be collected from the human body can be termed as 
physiological biometrics. There are also other types of 
biometrics that are behavioral in nature. That means, the 
behavior of each person can be characterized separately and 
that information can be used to identify the person. These 
biometrics are not part of the person’s body, it belongs thuman 
behavior. Examples of behavioral biometrics include 
signature, handwritten text, key strokes, voice etc. The 
physiological and behavioral biometrics has its own     
advantages and limitations. For example, the physiological 
biometrics cannot be modified by a person though it belongs 
him, whereas the behavioral biometrics can be modified by 
force or practice by a person. Also the behavioral biometrics 
change with time and hence it is dynamic in nature [1-3].  
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Two decades back, finger prints used to be collected with 
ink and paper for property registrations, investigations by law 
enforcement agencies, or as signatures by people who cannot 
sign on paper. The same process of collecting the finger prints 
are automated now. The finger prints are unique to every 
person and the pattern does not change with time [7-9].  

The finger prints are different among different fingers of 
same hand and similar fingers of other hand of the same 
person. It also differs from person to person though the 
persons are siblings are twins. Patterns in the finger print are 
formed by ridges and furrows. Ridge patterns never change in 
life time and this principle is known as immutability. Similarly 
non-commonality of finger prints between persons is known as 
uniqueness. Face recognition has been the research topic not 
only in the field of engineering but also in the fields of 
neurosciences, psychology, optics and machine learning [10]. 
This method has some advantages over the finger print method 
since this is a non-invasive method. It does not require person 
acceptance to provide the image for identification. Iris is the 
thin elastic tissue in the eye. Iris controls the amount of light 
that enters into the eye by controlling the size and diameter of 
pupil. During the young ages like childhood and teen ages, size 
of iris grows and it remains constant during rest of the life. 
Similar to finger prints, iris is unique to each person, including 
twins. The iris of left and right eyes is also different for a 
person. Signature by a person is very unique to identity of a 
person. Every person has his or her own style in writing the 
signature. Signature recognition falls under the category of 
behavioral biometric recognition. Pattern in signatures is 
captured in the training of the model. The way the signature is 
made is more important than how it appears. Signatures are 
characterized by not just the way signature is written, but also 
the speed, direction of stroke and pressure applied on the 
paper.  There are some limitations in the 
signature recognition. The limitations have very high impact 
on the life of the the final paper but after the final submission 
to the journal, rectification is not possible. on the paper.  There 
are some limitations in the signature recognition. The 
limitations have very high impact on the life of the person. For 
example, if the signatures are forged, it may lead to financial 
losses, property losses, crime related implications etc. While 
the writing style of the signature is an important character 
to recognize a person, exposing the signature is dangerous and 
hence many people do not like to share their signature to build 
the database. In order to address the limitations of signature 
recognition, another method can be used to capture the writing 
patterns of a person while not compromising on the exposing 
the signatures.  
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 Handwriting any text on a paper or a tablet is an alternative 
to signature to capture the writing patterns of a person. It is 
again unique to a person. Handwritten scripts are collected for 
each person and a model can be trained to learn the patterns of 
different people. When a new handwritten text is presented to 
the model, it can recognize the person that script belongs to.  

The handwriting recognition or identification is also known 
as automatic writer identification. The handwriting 
recognition can be classified into two major categories, 
namely, on-line and off-line [11-14]. As explained before, the 
on-line handwriting recording involve capturing dynamic 
characteristics like speed, pressure direction of stroke, number 
of pauses etc [15-17]. All this additional information along 
with the content of the text will make the online recognition 
more robust than the off-line method in which only content of 
text is considered in the feature set [18-19]. Traditional 
systems use the information that you have and biometric 
systems use the information that you are. 

Apart from other methods [20-24], deep learning is another 
approach which can be used for writer identification. 
Convolutional neural network (CNN) is a one of the deep 
learning models that can be employed. AlexNet [25] is one of 
the important mile stones in the development of deep learning 
models, which is based on CNN. The CNN has also been used 
in document analysis [26-28]. The CNN application in the area 
of writer recognition is gaining popularity [29-32]. As 
discussed before, the analysis can be test dependent or text 
independent. The text dependent based writer identification 
features can be derived using CNN. Fiel and Sablatnig [29] 
has proposed the first writer identification algorithms using 
deep learning methods. CNN activation was used in this 
approach. The activations were extracted from the penultimate 
layer of the CNN. 

II. HMMCNN ALGORITHM 

A HMM is comprised of many states. A system under 
modeling is represented with finite number of states. The 
system will be in any one of the states at a given point of time. 
The number of states that system can exist depends on the 
physical nature of the system. When a system is in certain 
state, it is observable and hence it generates observations. The 
system hidden states may not be observable directly but the 
observations can be linked to each hidden state of the system. 
System undergoes transition from one state to any other state. 
The probabilities that a system changing from one state to any 
other state is represented in state transition matrix. Similarly, 
when a system is present in one state, many observations are 
possible. Hence there is also another matrix, namely, emission 
probability matrix that is specific to a system which describes 
the transition probabilities from a given state to observation. 
The generated observations have a statistical continuous or 
discrete distribution.   
Assume that system can be in any one of the N states. Let Q be 
the set of states, then 

 NQQQQQ ,......,, 321
      

           (1) 

At a given time t, state of the system Qqt   

Each state has certain initial probability. For a system that has 
N states,  N ,......,, 321  and  iti QqP  . 

State transition probability matrix represents the probability of 
system moving from one state i to another state j, and hence the 
state transition probability matrix can be written as  ijaA  . 

 itjtij QqQqPa  1|
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Let the observation, at any given point of time, is tO .  

Every hidden state tQ  at any point of time t generates an 

observation tO . The observation state tO  follows a 

continuous or discrete distribution. Every hidden state tQ can 

generate many observation states tO . 

The emission probability matrix that represents the 
probabilities of system generating an observation state tO  

from a hidden state tQ  is denoted by   tj ObB  . 

where 

   jtttj SqOPOb  |                 (5) 

 tj Ob  is the probability of observation when the state of the 

system is at jt Sq  , 

If HMM represent a discrete system, with M observed states, 
then  

 MVVVVV ,......,, 321                 (6) 

 itjtij VqVqPa  1|
          

     (7) 

    NjVqOPkb jttj  1,|
           (8) 

If HMM represents a continuous distribution, then the 
observations tO  follow continuous probability distributions. 
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where 
 ikiktON ,,  : Gaussian density function 

ik  : Vectors of mean of states 

ik : Matrix of Covariance of states 

That is ik and ik  are dependent on the state i. 

If these vectors are assumed to independent of the state, then  
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Overall, the HMM can be denoted as  

  ,, BA                                  (12) 

The written text can be identified with a writer with the help 
of HMM. The written text by a writer can be divided into N 
states. Unlike face recognition, the text does not have a fixed 
set of states. For example in case of face recognition, the states 
can be defined as hair, forehead, eyes, nose, mouth and chin in 
the order from top to bottom in the face. This order is a natural 
order and hence they are less 
affected by the scaling or 
rotation effects.  
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But in case of hand written text, the states keep changing 
from text to text unless all writers write the same text. Also 
there will be variation in each character that each writer is 
writing even if the text remains same. 

Each state is a block of size 50x50 and hence there are 2500 
pixels. For a color image, there are three color channels and 
hence there are 7500 pixel intensities. Since the image is 
converted into a gray scale image, there are only 2500 pixel 
intensities. Since the block size is square in shape, each block 
can be solved for Eigen values directly. However, to develop a 
generic procedure irrespective of shape of each block, 
Singular Value Decomposition is implemented and three 
values of U(1,1), S(1,1) and S(2,2) are derived for each of the 
block. Hence there are a total of 910 x 3 = 2730 features for 
each text image. 

The problem of huge number of weights in MLP models are 
addressed in the CNN. Reason for huge size of weight 
matrices are due to processing of one dimensional vector 
inputs. This problem is over come when the input is presented 
in two dimensional form and, then in subsequent layers also, 
neuron outputs are processed in two dimensional form. In a 
CNN, every neuron in the intermediate layers is connected 
with a region in the previous layer. Finally for classification 
purpose, the output in feature extraction layer is again 
concatenated into a single column vector and then fed to a 
fully connected layer. The output layer will have a have 
number of neurons equal to number of classes to be 
discriminated. 

In this model, the image is divided into overlapping or 
non-overlapping blocks both horizontally or vertically. Fig. 
6.3 shows the non-overlapping states or blocks that were 
created by dividing the text image both horizontally and 
vertically.   

 
Fig. 1: Feature Extraction for Classification with CNN 

 

There are 6 non-overlapping blocks in horizontal direction 
and 4 blocks in vertical direction, for example. Each block has 
pixel intensities of only one channel since the image is 
converted to gray scale image. Since each block may be 
rectangular in shape, singular value decomposition is applied 
to extract the Unm-1, Snm-1 and Snm-2 values, where n is the 
block number in horizontal direction and m is the block 
number in vertical direction. In this case, there is no 
concatenation of features from HMM is required at the input 
of CNN. The features from HMM can be input in two 
dimensional form to CNN. 
 

Algorithm used in this research work is shown in Fig. 4.3 and 
is as follows: 
1. Input the image and create the states of the image. Each 

state can be overlapping with other states. 
2. For each state, pixel intensities are extracted in the form 

of a matrix. If it is a color image then there can be three 
matrices or a single matrix can be formed with 
concatenation. 

3. Use singular value decomposition method to extract the 
singular values and Eigen vectors. 

4. Store the first Eigen vector coefficient of left singular 
vector in a variable. 

5. Store the singular values in a separate vector S. 
6. Define the first feature as Eigen vector coefficient of left 

singular vector. 
7. Define the second feature as first singular value stored in 

vector S. 
8. Define the second feature as second singular value stored 

in vector S. 
9. Now each state in the text image is defined by feature as 

Eigen vector coefficient of left singular vector, first and 
second singular values. Store the three features into a 
vector array or a cell. 

10. Repeat steps 3 to 9 for each state. 
11. Repeat steps 1 to 10 for all the images. 
12. Concatenate all the features into two dimensional matrix. 
13. Create train set and test set. 
14. Define the number of convolutional layers with activation 

function as ReLU in CNN. 
15. Define the number of Max pool layers with activation 

function as ReLU in CNN. 
16. Define the number of hidden layers with activation 

function as ReLU in fully connected layers for 
classification. 

17. Define the output layer with activation function as 
softmax in CNN. 

18. Input the all the arrays of train set features extracted in 
step 13 to CNN for writer identification to train the CNN. 
Use minimization of cross entropy loss function as 
objective function. 

19. Input the all the arrays of test set features to CNN for 
writer identification to test CNN. 

20. Instead of CNN in the above steps, Baum Welch 
(HMMBW) and MLP are also run (HMMMLP) to 
compare the performances. 

 
Fig. 2: Block diagram of proposed HMMCNN model with 

singular values as features 
 
 

 



 
Writer Identification with Hybrid Model using Hybrid HMM and ANN 

1659 

 

Published By: 
Blue Eyes Intelligence Engineering 
& Sciences Publication  

Retrieval Number: C4435098319/19©BEIESP 
DOI:10.35940/ijrte.C4435.098319 
Journal Website: www.ijrte.org 
 

III. SIMULATION RESULTS 

VTU-WRITER dataset has been created with the text 
written by 100 writers. Each of the sample images in both train 
and test sets were resized to 50 x 1000 pixels and number of 
states in the model was fixed at 50% of maximum possible 
overlapping states of the image. Table 1 shows the accuracy of 
HMMBW, HMMMLP and HMMCNN model for various 
train and test cases. Like HMMBW model, number of samples 
in train set was varied from 1 to 6 and remaining images of the 
writer are considered in the test set. Total number of train 
samples and test samples are also shown in Table 1 as the 
number samples per writer varies. 

 
It can be observed from Table 1 that HMMMLP and 

HMMCNN have yielded better results than that of HMMBW. 
HMMBW is the model in which Baum-Welch algorithm was 
used to determine the optimal transition and emission 
matrices. Performance of HMMBW is already discussed in 
Chapter V. The performance of HMMCNN is better than 
HMMMLMP in all the training sets. 

 
Table 1:  Variation in Accuracy of HMMBW, HMMMLP 

and HMMCNN with Sample Size 

 
 

Accuracy of HMMMLP and HMMCNN increase with 
increase in sample size in training set. Accuracy is measured 
on the test set. The train set was sampled 5 times and model 
was trained 5 times. Accuracy shown in Table 1 is the average 
accuracy on test sets of different samples of 5 models. 
Accuracy of HMMCNN models are better than that of 
HMMMLP by at least 1%. As explained in previous chapter, 
ratio of test to train set at 0.47, that is when train set is nearly 
70% of total size, the accuracy is maximum at 97.3% and 
98.5% respectively for HMMMLP and HMMCNN models.  
 

 
 

Fig. 3: Variation in Accuracy of HMMMLP and 
HMMCNN with Sample Size 

 

Fig. 3 shows the pictorial representation of the change in 
accuracy of HMMBW, HMMMLP and HMMCNN models 
with respect to change in sample size per writer. Accuracy 
change is significant when the sample size increase from 5 to 
6.  As mentioned in previous section, simulations were 
performed with number of states is equal to 50% of the 
maximum possible overlapping states of the image in the 
horizontal direction. In subsequent section, the number of 
states with respect to maximum possible overlapping states of 
the image is varied to further improve the accuracy of 
HMMMLP and HMMCNN. 

In Fig. 4, change in accuracy is plotted against the test to 
train ratio. As the ratio increases, the number of images in test 
set increases at the cost of train set. Hence number of images in 
train set decreases with increase in test to train ratio. As the 
number of images in train set decreases, variation in the data 
also decreases. Test set will have more variation in data than 
train set and hence accuracy of all the models decreases. 
Ideally, train set must capture more variation than that of test 
set. 
 

 
 

Fig. 4: Variation in Accuracy of HMMMLP and 
HMMCNN with test-train ratio 

 
It was simulated for HMMBW to determine the number states 
required to achieve maximum possible accuracy. A similar 
experiment was conducted for HMMMLP and HMMCNN as 
well. Number of states was fixed at 50% of the maximum 
possible overlapping states in MLP and CNN in the simulation 
results presented in Fig. 3. Since CNN requires the input in 
two dimensional form, states are defined in both horizontal 
and vertical direction. Maximum number of possible states for 
HMMMLP is similar to HMMBW since both the models have 
one dimensional states in HMM. But in case of CNN, there are 
states in two dimensional form and hence maximum number of 
possible states are calculated as given below. 
 
Let 
W = Width of the image in pixels 
H = Height of image in pixels 
F = Width of block of each state 
G = Height of block of each state 
S = Number of strides(one in this case) 
Therefore number of overlapping states in horizontal direction 
(N) = (W – F)/(S) + 1 
Therefore number of overlapping states in vertical direction 
(M) = (H – G)/(S) + 1 
For an image width (W) of 
1000 pixels, if the stride (S) is 
1 and for block width (F) of 50,  
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Number of overlapping states in horizontal direction (N)   
= (1000 – 50)/1 + 1 = 951 

Similarly, for an image width (H) of 50 pixels, if the stride (S) 
is 1 and for block height (G) of 10,  
Number of overlapping states in vertical direction (M)  

= (50 – 10)/1 + 1 = 41 
Maximum ratio of states to Width  = [N x M] / [W x H] 

= [(W – F)/(S) + 1] x [(H 
– G)/(S) + 1]  / [W x H] 
= [951 x 41] / [1000 x 50] 

              = 77.9% (~80%) 
Now for a given ratio of states to product of width and height, 
it is possible to calculate the number of states. Also it I 
possible to calculate the strides for a given W, H, F and G 
when N and M are known. 

The number of states is expressed as percentage of 
maximum possible overlapping states to determine the best 
achievable accuracy. In case of HMMBW and HMMMLP, 
maximum possible states are 95.1% of W. In case of CNN, it is 
77.9% of product of width and height. The plot shown in Fig. 5 
depicts the variation in accuracy as the % of maximum 
possible number of overlapping states is varied.  
 

Table 2:  Variation in Accuracy of HMMMLP and 
HMMCNN with number of states 

 

 
It can be observed in Table 2 and Fig. 5 that as the number of 
states is increased, accuracy has increased in case of 
HMMMLP from 97.3% to a maximum of 99.95%. Maximum 
accuracy is obtained when number of states was at 92% of the 
maximum possible overlapping states. When the number of 
states was increased to 93%, though the accuracy was 
reasonably close to maximum accuracy, it dropped by 0.05%. 
The accuracies are averaged on 5 different samples drawn 
from VTU-WRITER dataset. Accuracy drops 98.6% when all 
possible states were used in the model. Hence having more 
number of states also is not a solution to improve the accuracy. 
The optimal number of states for the best accuracy is 
dependent on the train and test datasets. The experiments were 
conducted for a test-train ratio of 0.47.  
                         

 
Fig. 5: Variation in Accuracy of HMMBW with number of 

states (% of maximum possible overlapping states) 
 
Similarly for HMMCNN model, highest accuracy was 
obtained when 92% of the states (92% of 77.9% of product of 
width and height) were used in the model and the accuracy was 
at 99.95%. Accuracy again falls when the number of states was 
increased beyond 92%. One observation can be made 
regarding HMMMLP and HMMCNN in this regard. Both the 
model yielded an accuracy of 99.95% at 92% of the states. But 
from Fig. 5, it can be observed that HMMCNN has performed 
better than HMMMLP or HMMBW overall in all simulations 
when number of states were varied from 50% to 100%. Hence 
HMMCNN can be treated as the best among all the three 
models. 

IV. CONCLUSIONS 

 
In this work writer identification was performed with three 
hybrid methods. In the hybrid methods, features are extracted 
using HMM and optimization and classification is performed 
using Baum-Welch, MLP and CNN models. The MLP and 
CNN has feature extraction again in the model in addition to 
the HMM. Hence with the HMMMLP and HMMCNN, there 
are two stages of feature extractions. Accuracies of HMMBW, 
HMMMLP and HMMCNN are verified and compared for 
VTU-WRITER dataset. It has been found that HMMBW 
yielding 99.9% accuracy, HMMMLP and HMMCNN yielding 
99.95% accuracy. But the this accuracy was possible only 
when the number of states were defined as  91%, 92% and 
92% for HMMBW, HMMMLP and HMMCNN respectively.  
 

REFERENCES 
 

1. Byung-Gyu Kim, Han-Ju Kim and Dong-Jo Park, “New Enhancement 

Algorithm for Fingerprint Images”, IEEE, 2002, pp 1051-4651. 
2. Chapa Martell and Mario Alberto, “Fingerprint image enhancement 

algorithm implemented on an FPGA”, University of 

Electro-communications, Tokyo, Japan,August 1, 2009, pp 1-6. 
3. Lin Hong, Yifei Wan, and Anil Jain, “Fingerprint ImageEnhancement: 

Algorithm and Performance Evaluation”, IEEE Tractions on pattern 

analysis and machine intelligence, vol.20, No.8 August 1998, pp 
777-789. 

4. S.Gayathri and V.Sridhar, “FPGA Implementation of Normalization 

block of Fingerprint Recognition Process” Proceedings of International 

Conference on Recent Trends in Signal Processing, Image Processing 
and VLSI, February 21-22, 2014, pp 30-38. 

5. Garcia M L, et. al, “FPGA implementation of a ridge extraction 

fingerprint algorithm based on microblaze and hardware coprocessor”, 

International conference, August 28-30 , 2006, pp 1-5. 
6. S.Gayathri and V.Sridhar “FPGA Implementation of Orientation Field 

Estimation Of Fingerprint Recognition Process “, International Journal 

in Recent trends in Engineering and Technology Vol. 11, No. 1, July 
2014, pp 132- 143. 

 
 
 
 



 
Writer Identification with Hybrid Model using Hybrid HMM and ANN 

1661 

 

Published By: 
Blue Eyes Intelligence Engineering 
& Sciences Publication  

Retrieval Number: C4435098319/19©BEIESP 
DOI:10.35940/ijrte.C4435.098319 
Journal Website: www.ijrte.org 
 

7. U. W. Vutipon Areekul, Kittiwat Suppasriwasuseth and Saward 
Tantaratana, "Seperable Gabor Filter Realization for Fast Fingerprint 
Enhancement," 2005. 

8. S.Gayathri and Dr V.Sridhar “Design and simulation of Gabor filter 

using verilog HDL”- International Journal of Latest Trends in 
Engineering and Technology, ISSN: 2278-621X, Volume 2, Issue 2, 
March 2013, pp 77-83. 

9. Sunny Arief Sudiro,”Thinning Algorithm for Image Converted in 
Fingeprint Recognition System”, National Seminar Soft Computing 
Intelligent Systems and Information Technology, 2005. 

10. A. Jain, L. Hong and S. Pankanti. “Biometric identification,” 

Communication of the ACM, vol. 43, no. 2, February 2000, pp. 90-98. 
11. Fornes, A., Llados, J., Sanchez, G., Bunke, H. (2008).Writer 

Identification in Old Handwritten Music Scores. In: 8th IAPR 
Workshop on Document Analysis Systems, 347—353. 

12. Sas, J. (2006) Handwriting Recognition Accuracy Improvement by 
Author Identification. In: L. Rutkowski et al. (eds.), ICAISC 2006, 
LNAI 4029, 682--691.Springer, Heidelberg. 

13. Chaudhry, R., Pant, S. K. (2004) Identification of authorship using 
lateral palm print—a new concept. J.ForensicScience International, 
volume (141), 49--57. 

14. Schomaker, L. (2007) Advances in Writer Identification and 
Verification. In: 9th International Conference on Document Analysis 
and Recognition (ICDAR‘07), volume (2), 1268--1273. 

15. Plamondon, R., Lorette, G.  (1989) ―Automatic Signature Verification 

and Writer Identification—The State of the Art,‖ Pattern Recognition, 

vol. 22, no. 2, pp. 107-131. 
16. Leclerc, F., Plamondon, R. (1994) Automatic signature verification: 

The state of the art 1989-1993. In Progress in Automatic Signature 
Verification edited by R. Plamandon, World Scientific Publ. Co., pp. 
13-19.   

17. Gupta, S. (2008).Automatic Person Identification and Verification 
using Online Handwriting. Master Thesis. International Institute of 
Information Technology Hyderabad, India 

18. Schlapbach, A., Marcus, L. Bunke, H. (2008) A writer identification 
system for on-line whiteboard data, Pattern Recognition Journal 41 
(2008) 23821–23897. 

19. Schomaker, L. (2007) Advances in Writer identification and 
verification, in: Ninth International Conference on Document Analysis 
and Recognition (ICDAR). 

20. A. Rehman, S. Naz, and M. I. Razzak, “Writer identification using 

machine learning approaches: a comprehensive review,” Multimedia 

Tools and Applications, pp. 1–43, 2018. 
21. A. Brink, J. Smit, M. Bulacu, and L. Schomaker, “Writer Identification 

Using Directional Ink-Trace Width Measurements,” Pattern 

Recognition, vol. 45, no. 1, pp. 162–171, 2012. 
22. T. Gilliam, R. C. Wilson, and J. A. Clark, “Scribe Identification in 

Medieval English Manuscripts,” in 20th International Conference on 

Pattern Recognition (ICPR), 2010, pp. 1880–1883. 
23. D. Fecker, A. Asit, V. Margner, J. El-Sana, T. Fingscheidt, V. Margner,¨ 

J. El-Sana, and T. Fingscheidt, “Writer Identification for Historical 
Arabic Documents,” in 2014 22nd International Conference on Pattern 

Recognition (ICPR), 2014, pp. 3050–3055. 
24. S. He and L. Schomaker, “Delta-n Hinge: Rotation-Invariant Features 

for Writer Identification,” in 2014 22nd International Conference on 

Pattern Recognition (ICPR), 2014, pp. 2023–2028. 
25. A. Krizhevsky, I. Sutskever, and G. E. Hinton, “ImageNet 

Classification with Deep Convolutional Neural Networks,” in 

Advances In Neural Information Processing Systems 25. Curran 
Associates, Inc., 2012, pp. 1097—-1105.  

26. T. Bluche, H. Ney, and C.Kermorvant, “Feature Extraction with 

Convolutional Neural Networks for Handwritten Word Recognition,” 

in 2013 12th International Conference on Document Analysis and 
Recognition, 2013, pp. 285–289.  

27. M. Jaderberg, A. Vedaldi, and A. Zisserman, “Deep Features for Text 

Spotting,” in Computer Vision – ECCV 2014. Springer International 
Publishing, 2014, vol. 8692, pp. 512–528. 

28. F. Wahlberg, T. Wilkinson, and A. Brun, “Historical Manuscript 

Production Date Estimation Using Deep Convolutional Neural 
Networks,” in 2016 15th International Conference on Frontiers in 

Handwriting Recognition (ICFHR), 2016, pp. 205–210. 
 
 
 
 
 
 

AUTHORS PROFILE 

 
Mrs. Vinita Balbhim Patil  pursed Bachelor 
of Engineering  from  VTU , Belagavi in 
2012 and Master of Technology  from VTU , 
Belagavi year 2014. She  is currently 
pursuing Ph.D. form Appa Institute of 
Engineering and Technology and currently 
working as Assistant Professor in  
Department of Electronics and 
Communication  Engineering. She has 

published 6 research papres in international journals and has 5 years 
teaching     experience 
 

 
Dr. Rajendra R Patil pursed Bachelor of 
Engineering from   VTU , Belagavi in 1991 
and Master of Technology  from VTU , 
Belagavi in the year 2006. He pursued Ph.D 
in Microwave Electronics, Gulbarga 
University, Gulbarga in 2016. He has 
worked as Professor in ECE dept. in Appa 
IET, Kalburgi, India till 2017 and currently 
working as Professor & HOD in Dept.of 

ECE at GSSSIETW, Mysuru, India, since 2017. His main research 
work focuses on Antennas. He has 20 years of teaching experience 
and 2 years of Research Experience. 
 
 
 
 
 
 
 
 


